Abstract
This study explored city residents' collective geo-tagged behaviors in response 11 to rainstorms using the number of location request (NLR) data generated by 12 smartphone users. We examined the rainstorms, flooding, NLR anomalies, as well as 13 the associations among them in eight selected cities across the mainland China. The 14 time series NLR clearly reflects cities' general diurnal rhythm and the total NLR is 15 moderately correlated with the total city population. Anomalies of NLR were 16 identified at both the city and grid scale using the S-H-ESD method. Analysis results 17 manifested that the NLR anomalies at the city and grid levels are well associated with 18 rainstorms, indicating city residents request more location-based services (e.g. map 19 navigation, car hailing, food delivery, etc.) when there is a rainstorm. However, 20 sensitivity of the city residents' collective geo-tagged behaviors in response to 21 rainstorms varies in different cities as shown by different peak rainfall intensity 22 thresholds. Significant high peak rainfall intensity tends to trigger city flooding, which 23 lead to increased location-based requests as shown by positive anomalies on the 24 time series NLR. capacity. 32 The growing use of smartphones and location-based services (LBS) in recent 33 years has generated massive geospatial data, which could be used to infer the 34 collective geo-tagged human activities. The geospatial data thus provides a new 35 perspective to study normal urban rhythm in regular days (Ratti et al. 2006 ; Ma et al. 36 2019) and abnormal human behaviors in response to emergencies (Goodchild & non-emergency events from mobile phone data using a stochastic method. In 5 addition to the afore-mentioned applications, more studies are needed to explore 6 the full potential of the mobile phone data in terms of revealing human collective 7 behaviors, particularly in response to hazards and emergencies. 8 This study explored the urban anomalies and their variations in response to 9 rainstorms using the NLR requests from smartphone users. We selected eight 10 representative cities in the mainland China to examine how urban residents response 11 to typical summer rainstorms in different regions. The anomalies of LBS requests 12 caused by rainstorms were identified using a time series decomposition method and 13 then described by multiple indices, which are used to study how rainstorms affect 14 geo-tagged human behaviors collectively. The rest of the paper is organized as 15 follows. Section 2 introduces the selected cities and the smartphone NLR dataset. 16 Section 3 presents the anomaly detection and description methods. Section 4 17 provides the analysis results including rainfall statistics, normal rhythms, and 18 rainstorm-triggered anomalies in the selected cities. Section 5 concludes the study 19 and discusses the future work. 23 We selected eight representative cities across the mainland China for this study 24 ( Fig. 1) . Two cities were selected from each region except the northwestern and 25 southwestern China (Table 1) . The eight cities vary significantly with respect to their 26 total population, footprint areas, and urbanization rate. In this study, the footprint of 27 a city is composed of the grids that have an hourly number of location requests (NLR) 28 no less than the median of the daily NLR time series of that grid over the whole 29 month, i.e., the grids with at least one NLR every hour in average. footprints of the eight cities in this study. 7 8 
Study area
time series. This study uses an anomaly's absolute residual to describe its unusual 7 deviation from its expectation. 8 A rainstorm disaster, once significantly impacts the cities, usually can trigger an 9 outbreak of NLR anomalies in multiple places across the city. To collectively 10 characterize the abnormal human responses, this study defines three indices: the 11 total number (Nt), the total residual (Rt), and the mean density (Dt) of the positive or 12 negative anomalies. The mean density is defined as follows:
where Bi denotes the number of neighborhood anomalies within a Manhattan 15 distance of a 5-grid (~5 km) radius of the i th anomaly. The radius is large enough to 16 cover most urban facilities nearby the anomaly. 17 An anomaly score is then defined based on the afore-mentioned indices to 18 evaluate the city residents' responses to a rainstorm event. For calculation purpose, we downscaled the precipitation data to the same 16 spatial resolution as that of the NLR using the nearest-neighbor interpolation method. 17 At the city level, the rainfall of a city is defined as the total of the half-hour TRMM 18 precipitation within the human footprint. At the grid level, the rainfall of each grid 19 refers to the total precipitation received by that grid within a certain time period. 23 The eight cities could be categorized into two groups in terms of the total 24 precipitation amount in August 2017 (Fig. 2a) The second group includes all the other cities, which have less than 400 mm problems in the cities. 6 We identified the peak rainfall intensity threshold value that likely triggers city 
Rainfall characteristics and peak rainfall intensity thresholds

Normal rhythm of city
2
The NLR records can serve as a proxy of the city residents' normal daily routine.
3
The normalized NLR show the eight cities have a similar diurnal rhythm (Fig. 3a) . The 4 normalized NLR median climbs from a minimum at around 4:00 and to a peak right at 5 12:00. It starts to drop slightly and then peaks again at around 20:00. This general 6 pattern reflects the smartphone usage patterns of the city residents. Phone usage 7 starts to drop after the midnight when most residents start to rest. It reaches its first 8 peak during the lunch time as residents may request more LBS to find a place to eat. 9 After lunch time, phone usage remains at a high plateau, probably due to more LBS 10 requests for business purposes. Phone usage reaches the highest peak of the whole 11 day right after the normal work hours, indicating a significant increased need for the 12 LBS such as hailing nearby taxis to socialize with friends, go back home, or sending 13 geo-tagged posts for socializing.
14 The general diurnal pattern was superposed with subtle short-term NLR 15 variations. The NLR in the southern cities peaks and hits the bottom later at night and 16 before dawn, respectively, than that of the northern cities. This is very likely due to 17 the different lifestyles between the northern and southern residents in response to 18 the economic activities and day length. It is well-known that the southern China is 19 more active in economic and social activities and the southerners enjoy the night 20 activities more . By contrast, the northerners tend to end their 21 nightlife earlier and also become active earlier as the day breaks earlier in the north.
22
The total NLR is moderately correlated with the population of these cities ( 4 There are more positive than negative anomalies in the August time series 5 hourly NLR and most positive anomalies were found in pair with precipitation spikes 6 ( Fig. 4) We further quantitatively examined the association between rainfall events and 6 the NLR anomalies. Table 3 lists the Rpos and Rneg, which are the ratios of the positive 7 and negative anomalies corresponding to the four scenarios (no rains, moderate, 8 heavy and violent rainstorm events) to the total number of anomalies identified over 9 the whole time series, respectively. As shown in respectively. Under different scenarios, the Rpos is always higher than Rneg except the 12 no rain scenario, in which there is no significant difference between these two ratios. would show how residents respond to the local rainstorm events. 15 The difference between the Rpos and Rneg also varies for different cities. when Hefei is affected by the moderate and heavy rainstorms or even no rainfalls, 21 there are slightly more negative than positive anomalies. The S-H-ESD method was also used to detect the NLR anomalies at the grid level. 29 There are always more grids showing anomaly when the city was affected by a 30 rainstorm. Figure 5 provides an example to illustrate the grids with anomaly detected 1 during a rainstorm and the same time period in another day without rainfall in Jilin   2 and Haikou, respectively. Anomalies were identified in 56 grids in Jilin when it was hit 3 by a rainstorm at 7am on August 3, 2017. By contrast, anomalies are observed in only 4 10 grids during the same time period on August 6, 2017 when there is no rain at all. 5 In Haikou, anomalies are found in 52 grids during a rainstorm and only 19 grids when 6 there is no rain. The total number, total residual, and mean density of these anomalies were 12 then calculated (Fig. 6) for the cities when they were affected by flooding caused by a 13 typical rainstorm event (Table 4) . The three anomaly indices show similar diurnal 14 variations as of the NLR diurnal rhythm and they all spiked to the level of an outlier 15 or even to an extreme value when the city was significantly affected by flooding 16 issues. 1 After the spikes, the anomaly indices usually bounce back to the same level Figure 6 . Intra-day variations in NLR, total residuals, mean density, and anomaly score 2 within 24 hours of a typical flooding event in each of the cities. 4.3.3 Grid-scale analysis: anomaly score and rainfall intensity 5 6 Given the anomaly score is indicative of the unusual responses of residents to 7 rainstorms, we further examined the relation between the anomaly score and the 8 rainfalls in these cities during the August 2017. anomalies at the grid level.
Urban anomalies during rainstorms
City-scale analysis
11
How easily the rhythm of a city would be disrupted by a rainstorm is strongly 12 related to the anomaly-triggering peak rainfall intensity threshold (Fig. 7b ), which 13 was calculated using the same the ideas in the methods developed by Cannon et al.
14
(2008) and Diakakis (2012) . We plotted the peak rainfall intensity with respect to 15 whether there are anomalies or not for each city. The anomaly-triggering peak 16 rainfall intensity is defined as the upper limit of the rainfall intensity that tends to 17 lead to an NLR anomaly but actually not. 18 Every rainstorm with its peak intensity higher than the threshold would 19 definitely trigger an NLR anomaly. As a result, the cities with a lower threshold tend 20 to be more easily disrupted by a moderate or heavy rainstorm. For example, 21 Xiangyang has a very low threshold value of 1.4 mm/h. In August 2017, there are six 22 rainstorm events with peak rainfall intensity exceeding this threshold and they all 23 caused anomalies in this city.
24
However, even a rainstorm with its peak rainfall intensity below the threshold 25 may also trigger an NLR anomaly. For example, quite a few NLR anomalies were 26 found in Lanzhou, of which most rainstorms have its peak rainfall intensity below the 27 threshold (6.6 mm/h). This is because a heavy rainstorm at around 24:00 failed to 28 trigger an NLR anomaly as most people were sheltered at home and hence were not 29 affected. However, this rainstorm is included in the process to calculate the peak 30 rainfall intensity and increase the threshold. As a result, rainstorms with their peak 1 rainfall intensity below the threshold may also trigger anomalies, particularly in the 2 cities with more heavy and violent rainstorms after late night and before dawn.
3
The anomaly score is correlated with rainfall intensity for some cities (Fig. 7c ). Around 31%, 23%, and 46% of the maximum anomaly scores were detected 23 before, at the same time, and after the rainfall intensity reaches its peak (Fig. 7d) . 24 Specifically, 23%, 24%, and 20% of the anomaly score peaks simultaneously, within 1 25 hour, and within 2 hours of the rainfall intensity peaks, respectively. About 46% of 26 the anomaly score peaks after the rainfall intensity peaks, which is 50% more than 27 the number of the cases that anomaly score peaks ahead of the rainfall intensity whereas the northerners start their days earlier in the morning. 15 The anomalies of the NLR data are well with that the rainstorms, especially the 16 violent ones, were very likely to trigger positive NLR anomalies at city level. At the grid level, the anomalies in response to rainstorms show a significant increase in the 1 anomaly indices in terms of the total number, total residual, and mean density. The 2 time series composite score derived from these three anomaly indices clearly shows 3 how city residents respond to rainstorms in terms of their LBS requests. 4 Rainstorms of the same magnitude may not trigger NLR anomalies in the same 5 way in every city. Essentially, the peak rainfall intensity of the rainstorms seems to be 6 the key and such a threshold is significantly different among different cities. As a 7 result, high peak rainfall intensity tends to trigger flooding and subsequently 8 anomalies in the NLR data. Furthermore, the peak rainfall intensity is well associated 9 with the peak anomaly score, further indicating it is the key factor that can trigger 10 rainstorm-induced NLR anomalies.
11
It is worthy to note that other events may also contribute to NLR anomalies.
12
There are a couple of positive anomalies in the last week of August for almost all 13 cities except Zhuhai. The last week of August is the school registration time for 14 college students in China. It is reasonable to expect such a nation-wide event may 15 trigger NLR anomalies as shown in this study. However, some college cities may 16 postpone the registration time and Zhuhai is one of them due to the significant 17 damages caused by Typhoon Hato right before the registration week. 18 We are also aware of limitation of the Tencent location request dataset. 19 Although the dataset is generated by more than one billion monthly active users, it 20 still cannot fully represent the entire population of a city. 
